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Abstract

This yearwe conductedexperimentson shotboundarydetectionand rushesvideo summarisation.For the
shotboundarydeterminatiortask,we focusedon detectionof “cut. Theapproacltalculatedhe “exclusive or
of two framesin the grey scalein orderto measuréheamountof discontinuityata pixel level betweertwo shots.
Five runsweresubmittedwith differentsetsof parametersiesultingin the performancef ashigh as87%recall
and 85% precision. For the rushesvideo task,the summarydurationwas x ed at 4% of the video length. We
joinedanumberof continuoudramesthatwereextractedfrom the middle of eachshotdetected We submitteda
singlerun, resultingin the averageevel performance.

1 ShotBoundary Detection

Shotboundarydetectionis a processf identifying boundarieetweenshotsfrom a sequencef video frames.
The key ideais to choosea right setof featuresand measureshat capturethe dissimilarity betweenshots. The
differencebetweeradjacenframepairis calculatedrom features A shotboundaryis assignedvhenthevalueis
greaterthana prede nedthresholds.

To datethere have beena large numberof shotboundarydetectionalgorithmsproposed(Pye et al., 1998;
Lienhart,2001;Pickering & Ruger,2001;Deng& Manjunath,2001;Mieneetal., 2003;Qi etal., 2003; Quenot
etal., 2003;Ren& Singh,2004;Ngo etal., 2005). Featuresuchasmotion, colour, andedgeshave beentested
usinga numberof differentcriteriafor comparisonln generalthedif culty of thetaskdepend®nthecompleity
of shottransition,video structureandquality. We presenthe approactto detecting cut, the mostfrequentshot
transitions. It is relatively simpleto identify “cut' because cleardiscontinuitycanbe obsened at a pixel level.
Thusour approactassignshotboundariedbasedn pixel changedetweerntwo adjacenshots.

1.1 Approach

Our approachaimsto measurghe amountof discontinuityat a pixel level betweentwo consecutie frames.lt is
capturecby calculatingthe “exclusive or' of two framesin thegrey scale:

X
BWX; = Pi 1(i) Pii) @)
j=1:d

where impliesthe exclusiveor' operation] is thetotal numberof pixelsperframe,andP; 1(j) andP;(j) are
the black/whitevalueof pixelj in framesi 1 andi respectiely. If thevaluefor BW X is greaterthana pre-
de nedthreshold, cut' is assignedetweerframesi 1 andi. A sampleof this operationis illustratedin Figure
1. For thetestvideo BG 34901, Figure2 demonstratethe calculationof BW X; and(BW X1 BWX;) for
theentirelengthof video. In the experiment eachspike is treatedasa shotboundarycandidate.

1.2 Experiment

The Netherlandsnstitutefor SoundandVision provideda soundandvision collectionincluding nevs magazine,
sciencenews, reports,documentariesand educationaprogrammingTRECVID, 2007). Thetestcollectioncon-

sistedof 15 mpeg-1 videoswith the total lengthof six hours. The visualDub* software was appliedto extract

individual RGB framesof 352 288pixelsfrom thecollectionatarateof 25 frames/second.

Lavailableat http://wwwyvirtualduborg/
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(a)original framesequence

(b) “exclusive or' of theblack/whitevaluesbetweertwo adjacenframes

Figurel: Detectionof “cut' usingthe exclusiveor'.
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Figure2: Testdata' BG 34901: calculationof BW X;.

We submitted veruns.The rst threerunswerebasednthecalculationof BW X ;=J, and cut' wasassigned

for transitions:
USheflD1: BW X ;=J with thethresholdvalueof 0.2;

USheflD2: BW X =J with thethresholdvalueof 0.3;

USheflD3: BW X =J with thethresholdvalueof 0.5.

For two moreruns,awindow of 100frameswasappliedandmovedforwardby overlappingevery 50 frames.For

eachof individualwindows,(BW Xi+1  BWX;) werecalculatedand cut wasassignedvhen

UsSheflD4 (BWXi+; BWX;)> + 2 where and arethemeanandthestandardleviation;

USheflD5: themaximumvalueof (BW X1  BWXj).

1.3 Resultsand Discussion

Our submissionsvereevaluatedby NIST. Table1 shows “cut' detectionresultshoving the precisionandrecall.
Amongour ve runs,the secondrun, usingB W X =J with the thresholdvalueof 0.3 (i.e., a shotboundarywas



recall precision
UShefID1 0.949 0.660
USheflD2 0.872 0.850
UShefID3 0.297 0.910
USheflD4 0.965 0.443
UShefID5 0.796 0.894

Tablel: "Cut detectionresultsfor our veruns,evaluatedby NIST. Recallandprecisionvaluesarethe average
for 15testvideos.

Figure3: Precisiorandrecallfor “cut transition.Our verunswerelabelledwith "0'.

assignedvhentherewereatleast30%of pixelsdifferentbetweertwo consecutre frames) performediestat 87%
recalland85%precision.

Figure 3, provided by NIST, shavs our runsrequirefurtherimprovementin comparisorto otherapproaches.
None of our runsinvolved expensve calculationhowever, becauseve applied exclusive or' on the grey scale
values,the methodfailed to identify a “cut' whenthe backgroundn both shotscontainblack or white pixelsin
the large area. It may be interestingto experimentwith differentcolour spacego addresghis problem. Use of
keyframesmay beanotherideafor improvementf they areavailable.

2 RushesSummarisation

Rusheqor pre productionvideo)is araw materialandis further processedo producevideo datasuchasmovies
andtelevision programmes.The materialcontainsnaturalsoundand highly repetitve frame sequencesMany
retalesof the samesceneduplicatethe size of rusheso mary timesof the nal video. Duplicatedsequenceare
oftencausedy videoproductionerrors— e.g., actorsperformingtheincorrectline of astoryandlow quality audio
visual contentg Smeatoret al., 2006). The natureof rushesindicatesthat we requiresophisticatedechnologies
for managingandaccessinghe contents.

NIST launchedhe rushessummarisationaskfor this years TRECvideo evaluation(NIST, 2007). It aimsto



automatehe creationof a summaryclip from rushesvideo. It is requiredthata summaryincludesmajorobjects
andeventsspeci edby NIST. Theobjectivesof evaluationare(1) to minimisethe numberof framesin asummary
videoand(2) to preseninformationin away thatmaximiseghe usability of the summary(TRECVID, 2007).We

submitteda singlerun for atestdataset,which wasevaluatedby NIST usingsevenmeasurements.

2.1 Approach

Our assumptioris thata shotis the basicstructureof video andthat eachshotcontainsimportantcontentsn the
middle. A shortframesequencéor clip), notlongerthan4% of the original shot,is extractedfrom the middle of
eachshot. Clips from multiple shotsarethenconcatenatetb form a summary As a consequenceahe summary
lengthis 4% of theoriginal rushes.

To determinghepositionof shotboundariesa colourhistogranmbasedechniquéas employed. For eachframe,
the RGB colour histogramwith 256 colour bins is extracted. The differenceis calculatedfor eachpair of two
consecutre frames(Nagasak& Tanaka]1991):

X
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whereK is thenumberof bins,andH; 1(k) andH; (k) arecountsfor k™ binin framesi 1 andi respectiely.
A shotboundanyis assignedf DH; is greatethanaprede nedthreshold.

2.2 Experiment

Thetestcollectionconsistef 42 mpeg-1 rushesvideo, the majority of which weredramaseriesanddocumen-
taries.The352 288-pixel videoframesweredecodedn therateof 25 frames/secondiVe completeda singlerun
of the experimentusingthe shotreferencebasedapproactdescribedabore. To detectshotboundariesa window
of 100frameswassetin orderto calculatethe averagevalueof all colourhistogramdifferencevaluesin therange.
If the valuewas greaterthan50% of the average,a shotboundarywasassigned.The window wasthenmaoved
forwardwith 50 framesoverlap.

The evaluationwas subjectve, and performedby NIST with seven assessorsEachsummarywas judged
by threeassessorsTwo baselinesvere provided by Carngjie Mellon University (CMU). Of which the uniform
baselinavascreatedy selectingonesecondf aframesequencéor every 25 secondsn theoriginal rushesvideo.
The secondbaselinesummarythe colour cluster was createdrom K-meansclustersof x ed numbershasedon
HSV colourhistogramwherethe sggment,closetto the centroid,wasselected.

2.3 Resultsand Discussion

Thetestdatasetconsistedf 42 rushesvideos. Figure4 comparedwo baselinespur singlerun, the average the
maximum,andthe minimum of all runssubmittedby variousinstitutions. They weremeasuredby sevencriteria.
Although the approachwas simple, our run performedfair in comparisorto other submissions.Our approach
was similar to the CMU colour clusterbaseline. It seemso imply that colour was simple but good featureto
differentiatevideo contents.Use of differentcolour space{RGB for ours,HSV for CMU) did notin uence on
overall performance.

On average ,54% of the groundtruthwereincludedin our run. Performancdor individual summariewvaried
from 91%to belonv 30% (threesummaries).Although inclusionof the groundtruthis animportantfactorfor a
summarisatiotiask,othermeasureshouldalsobetakeninto consideratioro re ect theperformanceTheamount
of duplicatedcontentsjn particular may be a crucialindicatorfor automaticsummarisatiorof rushesvideo. Our
rundid not Iter outduplicatedcontentsthusresultedin a weakscoreof 3.53. Becausdhe approactextracteda
shortframesequencén themiddle of eachshot,the summarycontentsveremoderatelyunderstandable.

3 Conclusions

We participatedn TRECVID 2007with theshotboundarydetectionandthe rushessideo summarisatiotasks.In
shotboundarydetectionwe presentea pixel-basedapproactusingthe “exclusive or' of two framesin the grey
scale. Our bestresultwas87%in recalland85%in precision,which requiresfurtherimprovement. For rushes
video summarisationa frame sequencevasextractedfrom the middle of every detectedshot. The summaryclip
wasthe concatenatiorof all frame sequencesxtractedfrom rushesvideo. It wasfound that rushescontained
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Figure4: Evaluationresultfor the rushessummarisatiortask. Summariesvere evaluatedby NIST usingseven
criteria. Our singlerun (shef) is comparedwith the uniform baselingbase1), the colour clusterbaselingbase?2),
theaverage(avg), the maximum(max), andthe minimum (min) of all runsby variousinstitutions.



mary repetitve contentswhich stronglyaffectedthe quality of the summary We expectthe performanceanbe
improvedby ltering redundanshots suchascolourbar, black/grey framesandrepetitive shots.
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